The larger capacity of power converters increases with the size of wind turbines over the years, which implies more failures occur in the components of power converter. Meanwhile, the strategies of fault diagnosis of power converter in wind turbine are still under discussion and research. The main purpose of this paper is proposing a strategy containing wavelet transform, feature analysis, judgment and back propagation neural network (BPNN) classification (WT-FA-JD-BP) to identify the single and double power components open-circuit faults accurately, happen in grid-side converter (GSC) of permanent magnet synchronous generator (PMSG) wind turbine systems. First, as the original signals, the three-phase bridge legs voltage of the GSC are collected under different faults. Second, wavelet transform is used to decompose and reconstruct the signals. Third, a new method includes feature analysis and judgment is conducted to amplify the divergence of data obtained by wavelet transform. Finally, the data are used as the inputs of BPNN for decision-making and classification. The simulation and experimental results show that the proposed strategy can classify the single and double open-circuit faults, and the accuracy is higher than that without data feature analysis and judgment.
I. INTRODUCTION
Power converter system is a significant part of energy conversion in wind energy systems, and it is also one of the core components of speed control and torque control of wind turbine [1] - [3] . Wind turbine are mostly built in areas with abundant wind resources, and the natural conditions in these areas are relatively complex. The operating ambient of power converters is extremely harsh. High temperature or cold, shock or vibration, humidity or moisture, contaminants and dusts are the dominant factors, which lead to most of the failure occurrence with power converter [4] , [5] .
The associate editor coordinating the review of this manuscript and approving it for publication was Youqing Wang . The serious faults of the power converter of a gridconnected wind turbine including the short-circuit and open-circuit have a negative impact on the stable operation of the grid and wind turbine, which would cause huge losses to the production and profit of the wind farm operators. Research institutions found that the power converter system has the highest failure rate of the main components of the wind turbines [6] - [8] . Hence, through fault diagnosis of power converter of wind turbine, the fault location of power converter could be provided to operators timely and accurately. It is a significantly technical mean to give full play to efficient and safe operation of wind turbine and improve production efficiency.
The following items are the main causes of power converter failures:
1) The instantaneous current or voltage of the power converter is too large, and the electronic components are broken down, when the wind turbine is started or strong gust emerges.
2) The deterioration of heat dissipation performance and fatigue accumulation lead to the damage of electronic components after long-term use.
3) Moisture, dust and corrosive gas infiltration may lead to poor contact or even short circuit and open-circuit of electronic components, leading to their failure to work properly.
Research on short-circuit fault diagnosis has been increasingly developed, and there are some standard protection modules available. Nevertheless, most of the faults are the open-circuit of the power converter, which shows that the output current or voltage of the power converter is unbalanced. This will lead a grid-connected wind turbine to shut down and disconnection directly. Therefore, it is very necessary and significant to diagnose open-circuit fault of power converter of wind turbine. Its essence is to diagnose power switching devices, such as the insulated gate bipolar transistor (IGBT) module.
There are three main methods for open-circuit fault diagnosis of IGBT module: expert system method, current detection method and voltage detection method [9] - [11] . Expert system method does not need to establish an accurate mathematical model, but based on expert experience to establish the knowledge library. Through simulating expert thinking process, refer to the knowledge library according to fault phenomena, and then identify the fault [12] . However, the establishment of fault knowledge library is a process of experience accumulation. It is necessary to constantly optimize the fault knowledge library to improve the fault diagnosis accuracy. Moreover, some fault phenomena have high similarity, which makes it difficult to match the fault accurately. Reference [13] proposes an approach, which is based on the absolute normalized Park's current vector. This method can detect multiple open-circuit switch faults. But, this method is also prone to false alarm or failure alarm when the load changes abruptly. Reference [14] proposes a new fault diagnosis method to detect wind turbine converter open-circuit faults under stochastic wind conditions, but which is only available for single open-circuit faults. Reference [15] deals with the transistor open-circuit fault diagnosis technique based on the grid current processing. The faulty transistors are identified calculating the average values of differences between predicted and measured phase currents, and the neural network is used to predict the grid current. In [16] , wavelet transform is used to preprocess load current signals, and open-circuit faults are diagnosed by the processed currents based on BPNN and CART. In [17] , [18] , the switch open-circuit fault diagnostic method based on the analysis of the converter estimated phase voltage errors is developed. However, the method is effective for the single open-circuit, but great error for double open-circuit. To solve the abovementioned problems, this paper proposes a strategy for fault diagnosis of GSC of PMSG wind turbine systems. The contributions of this paper are as follows:
1) Extract the original voltage signals of GSC under 22 failure states.
2) Decomposition and reconstruction are conducted through wavelet transform with original voltage signals to obtain the data.
3) The feature vectors are obtained by feature analysis and judgment with the data. The proposed strategy improves the classification accuracy. 4) BPNN is used to train the feature vectors, and identifies the open-circuit fault diagnosis of GSC.
This paper is organized as follows. In Section II, the focused topology of GSC is addressed, and the normal and faults are analyzed. Afterward, Section III proposes a fault diagnosis strategy. Main simulation and experimental evaluations are illustrated in Section IV and V. Finally, some concluding remarks are drawn in the last section.
II. MODEL BUILDING AND FAULTS ANALYSIS WITH THE GSC
The wind turbine systems equipped with the doublyfed induction generator (DFIG) and the PMSG account for the vast majority in operation currently [19] , [20] . Compared with DFIG using partial-scale power converter, PMSG uses full-scale power converter, which performs richer low-voltage ride-through capability and higher reliability, which is the development trend of wind turbine market in the future. Fig. 1 shows the topological graph of the main components in PMSG wind turbine system.
A. GSC MODEL
A back-to-back configuration with two identical PWM converters is used in the full-scale power converter of PMSG wind turbine system. The full-scale power converter consists of MSC, DC-Link, GSC and Filter. MSC transforms an AC voltage from wind power generator to an DC voltage. DC-Link is mainly consisted of capacitors, which buffer the energy come from MSC and also act as harmonic filters, improving the DC current and voltage waveforms. GSC transforms the DC voltage from DC-Link to the AC voltage with variable magnitude and frequency, and feeds electricity to the grid finally. The filter is used to suppress harmonic and filter peaks. Fig. 2 shows the topological graph of the GSC wind turbine system. Usually, the DC-Link in Fig. 2 is represented by a single capacitor. But for analysis convenience, draw two capacitors in series and mark the potential N between them. The U , V and W are the three-phase of the GSC usually share the same triangular carrier, and the three-phase modulation signals differ 120 • in turn. The control strategies of IGBT module in phase U , V and W are the same. Take phase U as an example to illustrate. When the modulation signal of phase U is above triangular carrier value, the upper IGBT T1 is conductive, the lower IGBT T4 operates in a complementary manner and thus is cut-off. The resultant GSC terminal voltage UN , which is the voltage at the phase U terminal with respect to the terminal N .
where U d is the DC voltage of DC-Link. When modulation signal of phase U is below triangular carrier value, the upper IGBT T1 is cut-off, and the lower IGBT is conductive. The voltage UN is equal to,
It can be seen that, when the GSC works normally, the voltages of UN , VN and WN have only two levels, Where T1, T2, T3, T4, T5 and T6 represent the corresponding IGBT modules in Fig. 2 . When the value of Ti (i = 1, 2, · · · , 6) is equal to 0, it means that Ti is working normally at this time. When the value of Ti (i = 1, 2, · · · , 6) is equal to 1, it means that Ti is working faulted at this time. For instance, the corresponding code for No. 2 fault is 000001, which means that the T1 IGBT module is open-circuit, other IGBT modules are normal at this time. The corresponding code for No. 17 fault is 000011, which means that the T1 and It should be noted that, 6 bit code is used to indicate the faults of GSC in this paper. Actually, 5 bit code is enough to indicate the faults of GSC due to 22 < 2 5 . However, there are 6 IGBT modules in the GSC, and in order to facilitate identification, 6 bit code is adopted in this paper.
III. THE STRATEGY OF FAULT DIAGNOSIS A. WAVELET TRANSFORM
The Wavelet transform originated from Fourier transform, is a mathematical theory developed in the early 1980s. It has been widely used in signal processing and image processing. Wavelet transform could extract the features of signal effectively in fault diagnosis system. ψ(t) is a square integrable function, that ψ(t) ∈ L 2 (R). If the Fourier transform (ω) of ψ(t) satisfies the following condition,
Then ψ(t) is mother wavelet function. The wavelet basis function is obtained by scaling and shifting the mother wavelet function ψ(t).
where a is scale factor, b is shift factor. The continuous wavelet transform of function f (t) is,
In order to reduce the amount of computation and data storage of wavelet transform, continuous wavelet and its transform need to be discretized in general application, that is, to discretize the scale factor a and the shift factor b.
The expression of discrete wavelet transform is,
The inverse discrete wavelet reconstruction is,
B. FEATURE ANALYSIS AND JUDGMENT OF RECONSTRUCTED DATA
In this paper, the three-phase voltage signal of GSC is decomposed and reconstructed in 6 levels using ''db3'' wavelet basis. The data need to be analyzed and judged first after the original voltage signal is decomposed and reconstructed by wavelet transform, and then used as fault feature vector to accurately locate the fault location.
1) FEATURE ANALYSIS OF DATA
Extracting E j the energy of fault feature of each layer after 6 levels wavelet decomposition and reconstruction.
where d j (k) is the k-th coefficient at j level. a 6 (k) is the k-th low frequency coefficient at 6 level. n is the total of coefficients at each level. The different open-circuit faults would have a great impact on the signal energy in each frequency band of three-phase voltage signal, when the IGBT module of GSC has fault. Therefore, an energy feature vector E could be constructed according to the energy of each layer.
When the open-circuit occurs in the GSC, a large number of harmonics would be generated, which would lead to a larger value of the elements of voltage energy feature vector of open circuit phase, which would bring analysis difficulties to the following data. Thus, it is necessary to analyze the data feature of the voltage energy feature vector. Let
After data feature analysis, the feature vector is
Because F 1 has the highest degree of discrimination than others. This paper selects F 1 as the only reference input factor. Then the three reference input factors of U , V and W threephase voltage are F 1U , F 1V and F 1W . The corresponding three reference inputs are
where N is a positive real number. X 1, X 3 and X 5 could only reflect which phases occur the open-circuit faults. For GSC, it is necessary to locate the location of open-circuit faults (upper or lower IGBT module). Therefore, three additional reference inputs are needed to locate faults accurately. The low frequency signal a 6 at the 6th level, which is obtained by wavelet decomposed and reconstructed, is most similar to the original voltage signal. Thus, A6 U , A6 V and A6 W are defined as the low frequency coefficient sums of phases U , V and W , respectively.
where a 6U (k), a 6V (k) and a 6W (k) are the k-th low frequency coefficients at 6 level of U , V and W phases, respectively. n is the total of coefficients in each level. Let
X 2, X 4 and X 6 are the piecewise functions of A6 U , A6 V and A6 W , respectively, and also the other three reference inputs. When X j = 1, j = 2, 4, 6, means the corresponding upper IGBT module is open-circuit. When X j = −1, j = 2, 4, 6, means the corresponding lower IGBT module is opencircuit. X j = 0, j = 2, 4, 6 is special case, need specific analysis.
2) THE JUDGMENT OF DATA
Because of the circuit structure characteristics of GSC, if the IGBT modules in the same phase were open-circuit at the same time (No. 8, 9, 10 faults), the values of X 1, X 3 and X 5 would be extremely similar to what were working normally. This would reduce accuracy of the faults classification.
For resolving the problem mentioned, in this paper, according to the circuit structure characteristics of GSC, a judgment of reference inputs is added. Let
According to different failure states, set f 1UN , f 1VN and f 1WN are between thresholds α and β, or γ and δ, which would not make wrong judgment on the other 19 states.
When α < f 1UN < β, γ < f 1VN < δ and γ < f 1WN < δ, judge the upper and lower IGBT modules of phase U (T1 and T4) are open-circuit. Then let X 1 = X 2 = 0.
When Though feature analysis of the data, which is obtained after wavelet decomposition and reconstruction, get the feature vector X j , j = 1, 2, 3, 4, 5, 6. Afterward, judging f 1UN , f 1VN and f 1WN are whether between the thresholds. If it is, then according the judgment let corresponding feature vectors X j , j = 1, 2, 3, 4, 5, 6 be zero. If not, the result of data feature analysis is the feature vector.
C. BPNN ALGORITHMS
BPNN algorithms is method of calculating the change of network performance caused by single weight change. The learning process of BP algorithms consists of the input information forward propagation and error back propagation. Taking three-layer BPNN of Fig. 3 as an example. In the forward propagation process, the input information is processed from the input layer to the output layer through the hidden layer. The state of each layer neurons only affects the state of the next layer neurons. If the predicted output could not be obtained from output layer, the error signal would be transmitted back to the original path, and the error signal would be minimized by modifying the weights of the neurons in each layer.
The nonlinear space expression of the BPNN is
where H denotes the hidden layer output information; O is the predicted BPNN output; e is the predicted BPNN error; ω ij and ω jk are the corresponding weights; θ and ψ denote the corresponding thresholds; f is the inspirit function of the hidden layer; and l and m are the number of hidden and output nodes, respectively.
D. MISSION PROFILE OF THE STRATEGY
In this paper, the specific steps of fault diagnosis strategy for GSC of PMSG wind turbine are shown as Fig. 4 is the feature vector. Fifth, input feature vector to the BPNN, which is used to train and classify feature vector. Finally, get the classification results.
IV. SIMULATION RESULTS
The simulation results generated from the proposed strategy which is applied to diagnose the open-circuit faults of GSC are evaluated in this section. Simulink is used to simulate 22 kinds of failure states of GSC of PMSG wind turbine, as shown in Fig. 5 , and the 22 kinds of three-phase voltage signals UN , VN and WN are obtained. There are 869 different samples in each states. 800 samples are randomly selected as training set, and the remaining 69 samples as testing set. Thus, there are 19118 samples under 22 failure states, including 17600 samples in training set and 1518 samples in testing set. Table 2 summarizes main parameters of simulation components. 
A. WAVELET TRANSFORM OF VOLTAGE SIGNALS
In order to extract the fault feature vector of GSC, the threephase voltage signals UN , VN and WN should be performed by wavelet transform to generate the coefficients. This paper uses the ''db3'' wavelet basis to decompose and reconstruct 6 layers, and 7 bands of the wavelet coefficients are extracted, including 1 low frequency coefficient and 6 high frequency coefficients. Then the total signal could be denoted Fig. 6 is the waveform of voltage UN and decomposition and reconstruction at level 6. Fig. 6 (a) is under No. 1 state 
B. EXTRACTING FAULT FEATURE VECTOR
After wavelet decomposition and reconstruction, the data are analyzed and judged, and then the feature vectors are extracted under 22 kinds of fault states, as shown in Table 3 . 
C. FAULT FEATURE REFERENCE AND BPNN TRAINING
In this paper, the input layer of BPNN is a six-dimensional feature vector, X j , j = 1, 2, 3, 4, 5, 6. Output layer is also a six-dimensional feature vector, T j , j = 1, 2, 3, 4, 5, 6. According to experience, neurons in the hidden layer are usually set to 2n + 1. Where n is the number of input dimension. So, set 13 neurons in the hidden layer. Using Matlab to simulate, the training function is the trainlm. Fig. 7 (a) and Fig. 7 (b) show the performance and training state of BPNN using WT-FA-JD-BP, respectively. It can be seen from Fig. 7 (a) that the best validation performance is at epoch 89, and completes at epoch 95. The corresponding values of gradient, mu and validation checks are in Fig. 7 (b) . Table 4 shows the classification results and target output. It can be seen from Table 4 that the simulation classification results generated from the proposed strategy are very similar to the target outputs. Table 5 shows the simulation results in 4 different strategies, which are: 1, wavelet transform, feature analysis, judgment and BPNN classification (WT-FA-JD-BP). 2, wavelet It can be seen that for 151800 test samples, WT-FA-JD-BP, proposed in this paper, has generated the best classifying capability under the circumstances that the error classification times is 2, the accuracy, 0-error, 1-error and hamming loss are 99.999%, 0.001%, 0% and 2.196e-6, respectively. WT-BP has produced the worst classifying performance. The number of error classifications under WT-BP is 5208, the accuracy, the 0-error, 1-error and hamming loss are 96.571%, 2.51%, 1.25% and 6.267e-3, respectively.
V. EXPERIMENTAL RESULTS
To verify the analysis and simulation results, the experimental results generated from the proposed strategy which is also Fig. 8 (a) presents the measured results when the IGBT modules of GSC are working normally. In Fig. 8 (b) and (c) , the single open-circuit fault on T1 and the double open-circuit fault on T1 and T4 are shown.
In order to extract the fault feature vector of GSC, the three-phase voltage signals UN , VN and WN should be performed by wavelet transform to generate the coefficients. This paper uses the ''db3'' wavelet basis to decompose and reconstruct 6 layers, and 7 bands of the wavelet coefficients are extracted, including 1 low frequency coefficient and 6 high frequency coefficients. Fig. 9 is the decomposition and reconstruction waveform of voltage UN at level 6. Fig. 9 (a) is under No. 1 state (normal working). Fig. 9 (b) is under No. 2 fault (T1 is opencircuit). Fig. 9 (c) is under No. 8 fault (T1 and T4 are opencircuit). a 6 denotes the low frequency signal at 6 level. d 1 -d 6 denote high frequency signals at 1-6 levels. 
B. EXTRACTING FAULT FEATURE VECTOR
After wavelet transform, the data are analyzed and judged, and then the feature vectors are extracted under 22 kinds of fault states, as shown in Table 7 .
C. FAULT FEATURE REFERENCE AND BPNN TRAINING
In the experiment, the input layer of BPNN is a sixdimensional feature vector, X j , j = 1, 2, 3, 4, 5, 6. Output layer is also a six-dimensional feature vector, T j , j = 1, 2, 3, 4, 5, 6. According to the abovementioned experience, the number of neurons in the hidden layer is 13. Matlab is utilized to simulate, the training function is the trainlm. Fig. 10 (a) and Fig. 10 (b) show the performance and training state of BPNN using WT-FA-JD-BP, respectively. It can be seen from Fig. 10 (a) that the best validation performance is at epoch 63, and completes at epoch 69. The corresponding values of gradient, mu and validation checks are in Fig. 10 (b) . Table 8 shows the experimental classification results and target output.
It can be seen from Table 8 that the experimental classification results generated from the proposed strategy are very similar to the target outputs. Table 9 shows the experimental results in 4 different strategies: WT-FA-JD-BP, WT-JD-BP, WT-FA-BP and WT-BP.
It can be seen that for 151800 test samples, WT-FA-JD-BP, proposed in this paper, has generated the best classifying capability under the circumstances that the error classification times is 3, the accuracy, 0-error, 1-error and hamming loss are 99.998%, 0.001%, 0.001% and 3.294e-6, respectively. WT-BP has produced the worst classifying capability. The number of error classifications under WT-BP is 7513, the accuracy, the 0-error, 1-error and hamming loss are 95.051%, 3.89%, 1.77% and 8.249e-3, respectively.
VI. CONCLUSION
The main purpose of this paper is proposing a strategy containing wavelet transform, feature analysis, judgment and BPNN classification to identify the single and double opencircuit faults for GSC of PMSG wind turbine systems. First, extract the original voltage signals of GSC under 22 failure states. Second, decomposition and reconstruction are wavelet transformed with original voltage signals, and obtain the data. Afterward, feature analysis and judgment are conducted to amplify the divergence of data obtained by wavelet transform. This strategy improves the classification accuracy. Finally, BPNN is used to classify the feature vectors and identify the open-circuit faults of GSC. The strategy proposed in this paper is high accuracy and suitable for practical production.
